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Abstract

Persistent forest fire refugia are areas within fire-prone landscapes that remain fire-free over
long periods of time and are crucial for ecosystem resilience. Modelling to develop maps of
these refugia is key to informing fire and land use management. We predict persistent forest
fire refugia using variables linked to the fire triangle (aspect, slope, elevation, topographic
wetness, convergence and roughness, solar irradiation, temperature, surface wind direction,
and speed) in machine learning algorithms (Random Forest, XGBoost; two ensemble
models) and K-Nearest Neighbour. All models were run with and without ADASYN over-
sampling and grid search hyperparameterisation. Six iterations were run per algorithm to
assess the impact of omitting variables. Aspect is twice as influential as any other variable
across all models. Solar radiation and surface wind direction are also highlighted, although
the order of importance differs between algorithms. The predominant importance of aspect
relates to solar radiation received by sun-facing slopes and resultant heat and moisture
balances and, in this study area, the predominant fire wind direction. Ensemble models
consistently produced the most accurate results. The findings highlight the importance of
topographic and microclimatic variables in persistent forest fire refugia prediction, with
ensemble machine learning providing reliable forecasting frameworks.

Keywords: fire refugia; persistent forest fire refugia; machine learning; ensembles;
random forest; extreme gradient boosting (XGBoost); aspect; topography; microclimate;
surface wind

1. Introduction
Forest fire refugia are fire-free areas within fire-prone landscapes (persistent fire

refugia, [1,2]). Sometimes fire refugia are defined as areas that experience fire less frequently
or with lower severity than their surroundings (ephemeral fire refugia, [1,3,4]). Forest
fire refugia are often surrounded by forest, but sometimes they are imbedded in other
vegetation types, such as Mediterranean shrublands [5,6] or Spanish open woodlands [2].
Fire refugia are ecologically important, providing habitat for fire-sensitive forest flora and

ISPRS Int. J. Geo-Inf. 2025, 14, 480 https://doi.org/10.3390/ijgi14120480

https://doi.org/10.3390/ijgi14120480
https://doi.org/10.3390/ijgi14120480
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com
https://orcid.org/0000-0003-4711-6193
https://orcid.org/0000-0002-8891-2869
https://orcid.org/0000-0003-3593-5247
https://orcid.org/0000-0003-1628-352X
https://doi.org/10.3390/ijgi14120480
https://www.mdpi.com/article/10.3390/ijgi14120480?type=check_update&version=1


ISPRS Int. J. Geo-Inf. 2025, 14, 480 2 of 19

fauna in fire-prone matrices, shelter during the fire, and food after the fire, as well as
maintaining mature vegetation and seed sources, which are essential for post-fire forest
ecosystem recovery. Consequently, forest fire refugia enhance forest resilience [7].

Fire behaviour and spread is determined by factors illustrated by the fire behaviour
triangle, namely, fuels, weather, and topography [1,8]. For a fire to start there must be fuel
to burn, oxygen, and an ignition, often termed ‘heat’. Once started, fire behaviour will be
determined by types and condition of the fuel, weather, and topographical features. Dry
fuel promotes fire spread, whereas wet, discontinuous, or sparse fuel slows or stops fire.
Hot dry windy weather will promote fire spread, whereas cold, damp weather can help
slow or contain a fire. Topographical features such as slope or channels can promote fire
spread. Cooler slopes and drainage lines can slow a fire. Scree slopes and cliffs can be a
barrier to fires [9]. Topographic features, such as hills, mountains, and deep valleys, can
shield refugia from fire driven by prevailing winds, particularly hot and dry foehn and
katabatic winds [2]. All of these factors have been shown to be important in the formation
of fire refugia in North American forests [3,10,11] and Mediterranean-type ecosystems [2].
Understanding the interplay between topography, surface wind movement, local climatic
conditions, and fire behaviour is essential for identifying and conserving persistent forest
fire refugia. No management technique can completely ensure that refugia will not burn
under extreme fire conditions. However, knowledge of forest fire refugia locations and
drivers can inform forest management practices aimed at promoting ecosystem resilience
in fire-prone regions (sensu [9]), such as ensuring that these areas are not harvested.

Studies aiming to identify predictors of forest fire refugia have examined slope, aspect,
the topographic wetness index, the topographic convergence index, topographic roughness
or ruggedness [3,9,12], and elevation [13]. The topographic wetness index is a measure
of water accumulation and soil saturation and based on landscape position [14]. The
topographic convergence index is a metric of cold air pooling [3]. Topographic roughness
is a measure of topographic complexity, and solar irradiation relates to heat received by
a site.

Globally, forest occurrence is determined by climate and soil characteristics and fire
exposure, with feedback loops of shading and moisture availability due to forest presence
further promoting the location of forest patches [5,15–19]. Afromontane forests in the South-
ern Cape and Tsitsikamma region of South Africa occur in a matrix of fire-prone fynbos
shrublands in locations protected from fire [5,20,21] and with higher soil moisture [16,17,22].
Typically, fire-protected positions in this landscape occur on the lee side of topographic
features in relation to the directions of desiccating katabatic (‘berg’) winds [5,19,23,24]. In
the Southern Cape region, forest refugia seldom burn, with patches recorded as surviving
fire in excess of 100–230 years [25,26], while some patches never burn [27]. The fire regime
of surrounding fynbos sees a mean fire return interval of 10–13 years [28,29].

This study will include surface wind speed and direction derived from computational
fluid dynamics models, along with various topographic and microclimatic variables, in
machine learning models to predict persistent forest fire refugia locations in the Southern
Cape of South Africa to inform management action planning.

2. Materials and Methods
2.1. Study Area

The Southern Cape and Tsitsikamma region of South Africa (running from to Storm-
sriver in the east to George in the west, Figure 1) contains the largest area of Afrotem-
perate forest in southern Africa [19,30]. The forest occurs embedded in fire-prone,
fire-adapted fynbos, which is one of the five Mediterranean-type ecosystems of the
world and part of the Cape Floristic Region [31]. Boundaries between forest patches
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and surrounding fynbos vegetation are likely determined by fire occurrence, climate, and
soil characteristics [5,15–19]. On a local scale, the potential of a landscape to accommo-
date forest is shaped by site characteristics, including climatic and substrate variables. In
the relatively uniform Tsitsikamma region, evergreen forest is supported across a rainfall
gradient of over 1200 mm/year to about 500 mm/year, a pattern consistent across South
Africa and southeastern Democratic Republic of Congo [32]. Detailed field work by one of
the authors (250 plots within evergreen forests along six transects from mountain to coast
in the Southern Cape) recorded species composition and substrate variables [33]. In all
areas, fire-adapted fynbos shrublands occurred adjacent to evergreen forest along typical
fire pathways, with slope as the key differentiating factor, supporting the hypothesis that
fire dynamics convert landscape potential into actual vegetation patterns, with forests
persisting in fire-shadow zones and fire-adapted communities dominating fire pathways.

Figure 1. The Sedgefield–Knysna area (white box) within the Southern Cape–Tsitsikamma region of
South Africa experiences northwesterly foehn winds (indicated by the white arrow) as the predomi-
nant fire weather wind. Afrotemperate forest of the region is shown in dark green.

The narrow (10–40 km wide) coastal plain of the Southern Cape–Tsitsikamma region
has a predominantly southerly aspect and rises from the Indian Ocean in the south to the
foothills and rugged crest of the Outeniqua and Tsitsikamma Mountains in the north, peak-
ing at 1675 m [34]. Due to the maritime influence, the climate is temperate. Although rain
falls throughout the year, it peaks in spring and autumn. Summer months are the driest due
to high evaporative demand, particularly associated with prevailing southeasterly winds.
In winter, hot and dry northerly bergwinds sporadically create high-fire-danger conditions
conducive to fires [34,35]. Consequently, fires may occur at any time of the year [29], and
there is no distinct fire season in the study area. The western Sedgefield–Knysna portion
of the Southern Cape is the focus of this study. It experiences northwesterly foehn winds
(white box, Figure 1).
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2.2. Data for Persistent Forest Fire Refugia

The fire regime of the forest is characterised by very long fire return intervals and
patches that never burn [27], with an analysed tree ring showing that at least one forest
patch has remained unburned for over 230 years [25]. Persistent forest fire refugia were
thus identified as areas not burned in the last 100 years [34] and which have forest stands
in contrast to the surrounding fynbos matrix, which is a shrubland of smaller stature and
which burns at fire return intervals of 10–13 years [27,36–38]. This definition is similar to
the analysis in [26]. The 100-year threshold used to define persistent refugia is ecologically
grounded but remains somewhat arbitrary and could be refined through sensitivity testing.
In addition, the models are based on current climatic and fire regime conditions. Persistent
forest fire refugia were initially identified using the MODIS burned area product (500 m) be-
tween 2000 to 2022 [36]. These were subsequently validated through manual interpretation
of aerial photographic imagery with a pixel size of 10–20 m and spanning approximately
100 years (1930–2022). This provided finer spatial detail and extended temporal coverage,
helping to mitigate the under-detection of small or low-intensity fires that may be missed
by coarse satellite products of only two decades. This combined approach improves confi-
dence in refugia mapping, though it does not fully eliminate uncertainty associated with
temporal and spatial data gaps. Presence of persistent forest stands is visible on all imagery
and was verified by local experts with thorough in-field knowledge of the forest stands.
This set of persistent forest fire refugia was iteratively subjected to a 75/25 split for training
and validation.

2.3. Data for Predictor Variables

Human-impacted areas such as urban developments and intensively farmed areas
were excluded using the 2020 South African National Landcover Classification dataset
(https://za.africageoportal.com/maps/cff4e27fa6fb46f6bde59edb889398ef/explore; accessed
15 June 2023). We investigated the following topographic, microclimatic, and surface wind
direction and speed variables that can be easily measured over large areas in a consistent
manner as possible correlates of the location of persistent forest fire refugia (Table 1). The
Shuttle Radar Topographic Mission’s (SRTM; https://www.usgs.gov/centers/eros/science/
usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-1, USGS, 2004;
accessed 4 February 2023) Digital Elevation Model (DEM) [37,38] is supplied at a spatial
resolution of 30 m. The SRTM specifications indicate an absolute vertical accuracy of ±5.94 to
±16 m at the 95% confidence level [39]. The SRTM DEM has been thoroughly tested [40,41]
and was used to create variables for elevation [13], slope, aspect, the topographic wetness
index, the topographic convergence index [3,42], and the topographic roughness index or
ruggedness [5,12]. Processing was conducted in QGIS (3.18.2).

Long-term averages of local-scale annual temperature and annual solar irradiation
(kWh/m2) were sourced from the World Bank’s Global Solar Atlas at a 250 m spatial
resolution [43] (https://solargis.com). These data represent values at 2 m above ground
level [43]. These were used in preference to the calculation of solar irradiation from a DEM,
which would still need to be validated and is, at best, an estimation of the potential solar
irradiation [44]. Global radiation, sometimes called global horizontal irradiation, is the total
amount of solar radiation reaching a horizontal surface. It consists of direct radiation (or
direct normal irradiation) that reaches the surface and diffuse radiation (diffuse horizontal
irradiation) that is scattered by the atmosphere. We include all three in the models.

Surface wind direction and speed were calculated using Computational Fluid Dynam-
ics (CFD) in OpenFOAM [45] for 30 m pixels. Wind speed and direction were calculated
at a height of 2 m above the surface—an elevation critical for fire modelling and be-
haviour [46]. Internally the simulation achieved stable convergence, with the k-equation

https://za.africageoportal.com/maps/cff4e27fa6fb46f6bde59edb889398ef/explore
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-1
https://www.usgs.gov/centers/eros/science/usgs-eros-archive-digital-elevation-shuttle-radar-topography-mission-srtm-1
https://solargis.com
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residual reducing from 5.54 × 10−4 to 3.41 × 10−5, and global and cumulative continu-
ity residuals were −8.53 × 10−10 and −1.01 × 10−4, respectively, confirming good mass
conservation. As no meteorological data points were available within the study area, a
pattern-based validation approach was used to evaluate CFD wind direction and speed out-
puts against know wind movements sensu [47] (Appendix S1) and previously recorded fire
paths (Appendix S2). The latter showed that the fire spread model that included the CFD-
derived wind data layers results most accurately matched the recorded [48] 45 min from the
fire ignition point to the arrival of the fire at the Kooigoed weather station (Appendix S2).
This type of validation, whereby patterns produced by model output results are compared
with patterns observed in the real world, is often used for evaluating the validity of models
in agent-based modelling in ecology, another type of modelling in which it is frequently
difficult to have exact validation data [49]. Although this provides confidence in directional
accuracy and fire spread impact, future work would benefit from additional field-based
wind measurements to refine model calibration. Wind speed and direction were converted
into raster datasets, georeferenced, and interpolated using neighbourhood averaging to fill
gaps in QGIS.

All datasets were resampled using bilinear interpolation to a common, co-registered,
aligned 30 m grid based on the SRTM DEM in Python 3.10.9. Bilinear interpolation has been
shown to be an effective method for continuous datasets and DEM data [50]. While the
original spatial resolution of the Solargis datasets should be considered in interpretations,
upsampling allowed for retention of crucial topographic details that would otherwise
be lost [51].

Table 1. Variables used to model spatial locations of persistent forest fire refugia locations.

Variable Relevance Reference

Elevation

Higher elevations may be cooler:
>moisture

<flammable
Some sites also see the following:

<fuel continuity at highest elevations

[3,4,13,14]

Slope

Steeper slopes:
>fuel preheating

>updrafts
>fire spread

[3,9]

Aspect

Sun-facing:
>solar radiation

<moisture
Opposite aspect to prevailing fire season wind

direction:
fire shield

[3,9]

Topographic wetness index
Water accumulation:

>moisture
<flammability

[3]

Topographic convergence index
Cold air pooling:

>moisture
<flammability

[3]

Topographic roughness index
Rugged terrain:

>volatile surface wind > complex fire behaviour
>fire spread

[5]
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Table 1. Cont.

Variable Relevance Reference

Temperature
Hot areas:
<moisture

>flammability

Solar irradiation (global, direct, and diffuse)
>heat

<moisture
>flammability

[4]

Wind direction

Prevailing fire wind direction:
>heat

<moisture
>fire spread

Lee of prevailing wind direction may experience fire
skipping

[46]

Wind speed

>wind speed
<moisture

>flammability
and

>pre-heating
>rate of fire spread

[46]

2.4. Machine Learning Models

Several machine learning techniques, chosen for their differing assumptions and
suitability for spatial datasets, were employed in this study. To enhance model perfor-
mance and reduce overfitting, the dataset underwent Principal Component Analysis (PCA),
which improved separability between forest fire refugia and non-refugia areas [52]. PCA1
and PCA2 explained 68.03% and 20.38% of variance, respectively, and were used to in-
crease separability of refugia and non-refugia (Appendix S3). This refinement resulted
in 9959 forest refugia pixels and 21,769 non-refugia pixels for training. As there are more
than double the number of non-refugia pixels compared to forest refugia pixels in the
training dataset, the training dataset can be considered imbalanced. Imbalanced datasets
often cause inaccurate results in classifications [53], and consequently, adaptive synthetic
(ADASYN) oversampling was tested as it has been found to be useful in improving clas-
sification with imbalanced training data [54]. ADASYN aims to keep classes truer to the
original data while addressing class imbalance issues. To further reduce overfitting, a
70/30 spatial block holdout split was used for training and validation. This was performed
by splitting the input raster into 64x64 pixel blocks and assigning each an ID-only block
that contains refugia or non-refugia that are considered for the training or validation. All
machine learning algorithms were executed 10 times with different random seeds for the
block selection, and the reported results represent the mean, standard deviation, and 95%
confidence intervals across these spatial differences. These splits are run iteratively as
specified after the discussion on GridSearch.

Three machine learning algorithms—Random Forest (RF), Extreme Gradient Boosting
(XGBoost), and K-Nearest Neighbours (KNN)—were applied to assess the relationship
between variables described earlier and forest fire refugia and to predict unknown forest
fire refugia. RF is an ensemble learning method that constructs multiple decision trees
and aggregates their outputs [55]. This approach reduces overfitting and enhances gener-
alisability [56]. RF also provides feature importance rankings, aiding the understanding
of key drivers of forest fire refugia [55]. The classifier, implemented in Python using
Scikit-learn (Appendix S4), is effective at handling correlated datasets [57]. XGBoost is
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a decision-tree-based algorithm that iteratively improves predictions through gradient
boosting [58]. It is well-regarded for its speed, scalability, and effectiveness in handling
imbalanced datasets [59]. XGBoost was implemented using the XGBoost package in Python
(Appendix S5), with precautions taken to mitigate overfitting [60]. K-Nearest Neighbours
(KNN) is a non-parametric algorithm that classifies data points based on proximity. It
does not require large training datasets and can perform well with both balanced and
imbalanced datasets [61]. However, it is sensitive to the choice of K and may experience
performance degradation with correlated features [62]. The KNN implementation was
performed in Python (Appendix S6). To enhance classification performance, ensemble
learning was applied using both hard voting (majority vote, Appendix S7) and soft voting
(weighted vote, Appendix S8) approaches. Ensemble methods leverage the strengths of
multiple classifiers to improve predictive accuracy. Similar sets of algorithms have been
used in other recent studies looking at factors affecting various properties of fire [63,64].

Using default parameters for machine learning often gives suboptimal results [65].
Fine-tuning of parameters, such as the minimum number of samples per split, the minimum
samples per leaf, number of estimators, maximum number of features, and maximum depth,
can improve model results by up to 40% [65,66]. Grid search, a widely used hyperparameter
optimisation technique for machine learning algorithms, searches through a predefined
set of hyperparameter values and evaluates the metrics such as r2 and accuracy normally
using k-fold. A variety of settings were tested for each technique using grid search (Table 2).
The selected setting identified by the grid search as optimal for each experiment can be
seen in Appendix S9. Grid search was run for the first experiment for each of RF, XGBoost,
and KNN. The remaining nine experiments applied these settings using a stable random
seed for the classifier and a varying random seed for the training/validation dataset. The
ensemble methods used the best parameters from the single-method experiments with
the same features. The number of iterations for cross-validation (random splitting of the
training and verification datasets) run for each of the 12 experiments were calculated as the
product of the number of possible combinations of the GridSearchCV parameters and the
GridSearch folds (CV) which was set to 3 and totalled 1296 for RF, 2160 for XGBoost, and
72 for KNN. GridSearchCV in Scikit-learn performs k-fold cross-validation.

A total of 30 machine learning experiments were conducted, systematically varying
dataset inputs and employing ADASYN oversampling in subsequent runs. Within each
of the five machine learning experiments, variables were omitted to determine the impact
of their exclusion, starting with exclusion of elevations (experiments 3, 9, 15, 21, and 27,
Appendix S10), temperature (experiments 4, 10, 16, 22, and 28), diffuse irradiation, direct
irradiation, and global irradiation (experiments 5, 11, 17, 23, and 29), and wind speed and
direction, until only DEM-derived variables (aspect, slope, topographical convergence,
topographical roughness, and topographical wetness index) remain (experiments 6, 12, 18,
24, and 30).

Table 2. Gridsearch hyperparameterisation settings tested and optimisation settings selected (bold).

Parameter Search Values

Random Forest
Out-of-bag score TRUE

N estimators 50 100 200 500
Max features sqrt log2
Max depth none 10 20 30

Min samples split 2 5 10
Min samples leaf 1 2 4
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Table 2. Cont.

Parameter Search Values

XGBoost
Parameter search values

Eta (Learning rate) 0.01 0.1 0.5
N estimators 50 100 200 1500
Max depth 3 5 7

Reg_alpha (Lasso regression) 0 0.001 0.005 0.01 0.05
Reg_lambda (Ridge regression) 0.5 1 1.5 2

KNN
Parameter search values

N neighbours 3 5 7 9
Weights uniform distance
Metric Euclidean Manhattan Minkowski

2.5. Model Performance and Evaluation

Standard accuracy metrics were used, including accuracy, precision, and recall. These
measures of fit are frequently used in the evaluation of machine learning models and
provide a multi-faceted approach to evaluating the model fit. Feature importance was used
for the RF models, and gain, which can be interpreted as a form of feature importance, was
used in XGBoost. Standard deviation and 95% confidence intervals were calculated for
feature importance and gain over the multiple runs.

3. Results
3.1. What Determines Persistent Forest Fire Refugia

Aspect is consistently the most important variable identified for modelling persistent
forest fire refugia locations based on both feature importance and gain (Figure 2, Table 3). It
is identified as twice as important as any other variable. Solar irradiation, particularly global
horizontal irradiation, is also identified as important across all models (Figure 2, Table 3).
Surface wind direction and speed have the next largest impact on feature importance
and gain (Table 3), although the exact order of importance differs between algorithms.
Temperature is only identified as important by Random Forest models. Temperature
showed some importance in XGBoost (experiment 7, Table 3), but this was reduced once
ADASYN oversampling was implemented (experiment 8, Table 3). For the other classifiers,
removing temperature had a small impact (experiments 4, 10, 16, 22, and 28), with a few
more forest fire refugia being predicted, some of which were shown to house forests when
inspected on high-resolution imagery. Overall, RF models spread feature importance more
broadly, with XGBoost concentrating mostly around aspect. While error bars show more
variability over the experiment runs around aspect than the other features, aspect still
remains the primary feature of importance for both RF and XGBoost.
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Figure 2. Feature importance (a) from Random Forest experiments (values range from 0 to 1), and
feature gain (b) from XGBoost (XGBoost, values are unbounded) showing the relative contribution of
each variable to model performance.
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Table 3. Model feature importance (RF, values range from 0 to 1) and gain (XGBoost, values are
unbounded) results. Strongest values are in the darkest shades of green.
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RF 1 0.07 0.09 0.08 0.07 0.17 0.06 0.14 0.27 0.01 0.01 0.02 0.03
2 0.08 0.14 0.08 0.07 0.14 0.09 0.10 0.19 0.04 0.02 0.03 0.04
3 0.15 0.08 0.07 0.16 0.09 0.10 0.24 0.03 0.01 0.03 0.04
4 0.09 0.08 0.17 0.12 0.12 0.26 0.05 0.02 0.04 0.05
5 0.12 0.18 0.42 0.07 0.06 0.07 0.09
6 0.51 0.12 0.11 0.12 0.14

XGBoost 7 56.27 48.56 63.49 52.52 99.87 44.88 103.19 452.29 13.23 14.88 18.83 45.64
8 19.66 13.67 13.07 10.02 30.49 10.33 19.57 55.02 3.99 5.32 12.69 10.44
9 9.61 9.94 9.02 21.65 7.07 13.28 52.39 2.29 1.52 11.27 7.92
10 14.96 13.08 27.28 9.54 18.84 62.25 3.21 3.19 19.18 12.26
11 0.83 1.72 4.62 0.30 0.58 1.06 0.92
12 2.31 0.50 0.56 0.72 0.67

3.2. Model Performance

Accuracy metrics suggest that the results of all experiments (all algorithms/models
across all combinations of variables) can be treated with confidence with an average overall
accuracy of 0.82 (Table 4). The ensemble methods and XGBoost performed the best, with RF
showing slightly lower accuracy. KNN had the lowest performance, especially in recall. The
unbalanced datasets (with no ADASYN oversampling) generally performed well across all
classifiers but struggled with recall. The best-performing experiments overall, especially in
recall, were those where elevation and temperature were dropped with all other variables
kept. Comparing the mapped outputs of experiments RF3 and 4 with KNN15 and 16
(Figure 3), it is clear that KNN predicts more lowland forests, some of which may be
refugia, but others are overestimates when compared to aerial imagery. KNN, however,
dramatically overestimates forest fire refugia once elevation is removed (experiments 3, 9,
and 15, Figure 3), indicating that KNN outputs are sensitive to which variables are included
in the model.
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Table 4. Model performance for various experiments to evaluate the effect on accuracy of omitting certain variables. For each accuracy metric, the mean, standard
deviation (Std), and upper and lower 95% confidence intervals (CI_low and CI_high) are presented. Strongest values are in the darkest shades of green. Top scoring
model per measure (as measured by the mean) is highlighted in bold.
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RF 1 0.810 0.097 0.750 0.870 0.796 0.146 0.706 0.886 0.624 0.257 0.464 0.783 0.654 0.185 0.540 0.769 0.997 0.001 0.996 0.997 0.902 0.068 0.861 0.944

RF 2 0.813 0.088 0.758 0.867 0.794 0.142 0.706 0.882 0.623 0.228 0.481 0.764 0.660 0.166 0.557 0.763 0.998 0.000 0.998 0.999 0.895 0.067 0.853 0.936

RF 3 0.822 0.082 0.771 0.873 0.788 0.141 0.700 0.875 0.664 0.229 0.522 0.806 0.685 0.157 0.587 0.782 0.998 0.000 0.998 0.999 0.908 0.058 0.872 0.944

RF 4 0.834 0.045 0.806 0.862 0.762 0.163 0.661 0.863 0.707 0.136 0.623 0.791 0.716 0.110 0.648 0.784 0.993 0.002 0.992 0.995 0.914 0.028 0.896 0.932

RF 5 0.831 0.030 0.812 0.849 0.716 0.152 0.622 0.810 0.773 0.115 0.702 0.845 0.729 0.096 0.670 0.789 0.965 0.004 0.963 0.968 0.914 0.027 0.898 0.931

RF 6 0.806 0.043 0.779 0.833 0.662 0.157 0.564 0.759 0.836 0.067 0.794 0.878 0.723 0.094 0.665 0.782 0.891 0.014 0.882 0.900 0.894 0.031 0.875 0.913

XGboost 7 0.821 0.089 0.766 0.876 0.766 0.129 0.686 0.846 0.685 0.238 0.537 0.833 0.692 0.156 0.595 0.789 0.905 0.058 0.869 0.940

XGboost 8 0.820 0.084 0.768 0.871 0.761 0.131 0.680 0.842 0.682 0.220 0.546 0.819 0.691 0.145 0.601 0.782 0.897 0.061 0.859 0.935

XGboost 9 0.825 0.082 0.774 0.876 0.755 0.128 0.676 0.834 0.707 0.223 0.569 0.845 0.703 0.145 0.614 0.793 0.898 0.068 0.856 0.940

XGboost 10 0.843 0.039 0.819 0.868 0.758 0.152 0.664 0.852 0.743 0.119 0.670 0.817 0.739 0.101 0.676 0.801 0.920 0.031 0.902 0.939

XGboost 11 0.819 0.023 0.805 0.833 0.709 0.153 0.614 0.804 0.734 0.107 0.668 0.801 0.707 0.092 0.650 0.764 0.895 0.027 0.879 0.912

XGboost 12 0.796 0.036 0.774 0.819 0.662 0.156 0.565 0.758 0.775 0.062 0.737 0.814 0.699 0.087 0.645 0.753 0.867 0.030 0.848 0.885

KNN 13 0.812 0.043 0.785 0.839 0.709 0.163 0.608 0.810 0.741 0.133 0.659 0.823 0.703 0.092 0.646 0.761 0.842 0.045 0.814 0.869

KNN 14 0.804 0.039 0.780 0.827 0.685 0.171 0.579 0.791 0.758 0.123 0.681 0.834 0.698 0.101 0.635 0.761 0.822 0.042 0.796 0.848

KNN 15 0.823 0.026 0.807 0.839 0.693 0.158 0.595 0.791 0.792 0.100 0.730 0.854 0.726 0.106 0.660 0.791 0.844 0.032 0.824 0.863

KNN 16 0.821 0.027 0.804 0.837 0.690 0.158 0.592 0.788 0.792 0.100 0.730 0.854 0.724 0.105 0.659 0.789 0.842 0.031 0.823 0.861

KNN 17 0.799 0.027 0.782 0.815 0.656 0.151 0.562 0.750 0.786 0.087 0.732 0.839 0.701 0.091 0.644 0.757 0.834 0.023 0.820 0.849

KNN 18 0.778 0.036 0.756 0.801 0.630 0.153 0.535 0.725 0.782 0.058 0.746 0.818 0.682 0.091 0.626 0.739 0.828 0.024 0.813 0.843

EnsembleS 19 0.818 0.087 0.763 0.872 0.771 0.137 0.687 0.856 0.671 0.234 0.526 0.816 0.683 0.154 0.588 0.779 0.909 0.056 0.874 0.944

EnsembleS 20 0.823 0.078 0.774 0.871 0.762 0.145 0.672 0.852 0.695 0.212 0.564 0.827 0.698 0.140 0.611 0.785 0.906 0.056 0.871 0.941

EnsembleS 21 0.835 0.070 0.792 0.878 0.764 0.132 0.682 0.845 0.726 0.197 0.603 0.848 0.721 0.127 0.643 0.800 0.919 0.040 0.894 0.944

EnsembleS 22 0.843 0.036 0.821 0.865 0.745 0.163 0.644 0.846 0.765 0.117 0.692 0.837 0.741 0.111 0.673 0.810 0.919 0.026 0.903 0.935

EnsembleS 23 0.825 0.027 0.809 0.842 0.702 0.154 0.606 0.798 0.780 0.108 0.714 0.847 0.725 0.096 0.666 0.785 0.908 0.026 0.892 0.924

EnsembleS 24 0.803 0.043 0.776 0.830 0.658 0.158 0.560 0.756 0.833 0.065 0.793 0.873 0.720 0.097 0.660 0.780 0.890 0.030 0.872 0.908
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EnsembleH25 0.814 0.092 0.757 0.871 0.777 0.140 0.690 0.864 0.653 0.240 0.504 0.802 0.673 0.163 0.572 0.774 0.909 0.056 0.874 0.944

EnsembleH26 0.820 0.082 0.769 0.871 0.771 0.141 0.683 0.859 0.672 0.219 0.536 0.807 0.687 0.147 0.596 0.778 0.906 0.056 0.871 0.941

EnsembleH27 0.831 0.075 0.785 0.877 0.771 0.134 0.688 0.854 0.708 0.212 0.577 0.839 0.711 0.137 0.626 0.796 0.919 0.040 0.894 0.944

EnsembleH28 0.841 0.038 0.818 0.865 0.750 0.165 0.648 0.853 0.750 0.123 0.673 0.826 0.736 0.113 0.665 0.806 0.919 0.026 0.903 0.935

EnsembleH29 0.828 0.028 0.810 0.845 0.708 0.155 0.612 0.804 0.775 0.111 0.706 0.844 0.726 0.099 0.665 0.787 0.908 0.026 0.892 0.924

EnsembleH30 0.805 0.045 0.777 0.833 0.659 0.159 0.560 0.758 0.840 0.063 0.800 0.879 0.723 0.099 0.662 0.785 0.890 0.030 0.872 0.908

Mean 0.819 0.728 0.736 0.706 0.974 0.891

Std
dev 0.014 0.048 0.059 0.022 0.039 0.030

Min 0.778 0.630 0.623 0.654 0.891 0.822

Max 0.843 0.796 0.840 0.741 0.998 0.920
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Figure 3. Spatial arrangement of predicted persistent forest fire refugia (green) and non-refugia (red)
for classifications using RF, XGBoost, KNN, ensemble with soft voting, and ensemble with hard
voting across various experiments.

4. Discussion
4.1. What Determines Forest Fire Refugia

Aspect has been highlighted by other studies as an important variable in predicting
persistent forest fire refugia. Previous studies [3,13], found strong links between aspect
and fire exclusion, which is what we term persistent forest fire refugia. Aspect of a slope
can relate to the solar radiation received and the energy or heat balance and the resultant
moisture balance. This is also demonstrated by the decrease in model accuracy when solar
irradiation is removed. Sun-facing slopes have higher solar radiation [13], less moisture,
and drier, more flammable vegetation or fuels [9] (Figure 4). In the southern hemisphere,
these are the north and northwestern aspects, whereas in the northern hemisphere they
are the southern slopes. Aspect can also affect the type of vegetation or fuel and how
continuous it is, with warmer slopes sometimes having sparser vegetation with less fuel
continuity and also different vegetation types that are adapted to hotter, drier conditions,
which often result in vegetation structures that are more flammable [67]. In this study area,
hot northwestern slopes are also those facing the predominant fire wind direction, and
cool southwestern slopes act as fire shields that are very important for forest fire refugia
persistence [5]. Persistent long-term forest fire refugia are seen in deep valleys on the south-
to-southeast aspect in Figure 5. Similar spatial patterns of evergreen forest persistence
within fire-shadow zones have been observed throughout southern and tropical Africa,
including the Congo Basin, Mount Cameroon, Ethiopia, Malawi, Mozambique, Angola,
and across South Africa’s varied landscapes [32].
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Figure 4. Relationship between aspect, solar radiation (heat budget), moisture balance, vegetation
flammability, and predominant fire wind direction, which facilitates wind- and fire-shadows in the
lee of the slope. Features that increase fire risk and spread are in red text and those that reduce fire
risk and retard fire spread are in blue text. Sun-facing aspect is the north/northwestern slopes in the
southern hemisphere.

Figure 5. Small, persistent forest fire refugia (indicated by white arrows) in deep valley bottoms on
the south-to-southeast slopes. These slopes are in the lee of the predominant fire wind direction from
the northeast.

Solar irradiation (particularly global irradiation) is also identified as important across
all models and agrees with the findings of [4]. Elevation has previously been identified as
important in mapping forest refugia [13], with fire survival increasing at higher elevations.
Elevation did not appear to improve model accuracy in this study area. This might be
due to the smaller altitudinal range in our study area (0–1675 m) compared to that in the
Canadian Rockies (0–3000+ m, [13]) or the southwestern United States (3000–5000 m, [7]) or
the Pacific Cordillera of Canada [3]. In addition, the effect of elevation might be emphasised
in those studies due to the higher latitudes of the North American forests, which will further
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magnify the cooling effect of altitude. Differences in factors identified as important for
forest fire refugia will also depend on whether studies focused on persistent forest fire
refugia alone, as this study did, or also included ephemeral forest fire refugia (as in the case
of [3,7]).

During the last 50 years, climate change seems to have impacted some facets of fire
occurrence in the study area. Fire danger weather has become more severe, with higher
temperatures and wind speeds and lower relative humidity. This is manifesting in shorter
fire return intervals and increasing occurrence of large and high-severity fires [28,29,35,67].
High-severity fires are likely to cause retraction of forest patches, as it is has been shown that
high-severity fires burn deeper into forest margins [22,24]. However, in the Tsitsikamma
area, longer-term rainfall fluctuations over the past ~250 years [27] using stem sections
of Outeniqua Yellowwood trees collected from the Witelsbos Forest [33] correspond with
observations of forest retraction and expansion over longer periods. Forests can expand
into fire pathways during wetter, fire-free intervals and then retract to long-term boundaries
following severe fires. This pattern is evident across various moist, dry, and scrub forest
types in Africa [33]. Potential changes in wind directions due to climate change have not
been assessed but are unlikely to affect the fire-flow patterns around and across natural
topographic features of the landscape.

4.2. Methods for Mapping Persistent Forest Fire Refugia

Ensemble learning methods and XGBoost consistently achieve the highest accuracy of
fit. The stated aims of ensembles are reducing overfitting and enhancing generalisability.
KNN did not benefit from ADASYN oversampling, which may highlight its ability to
handle unbalanced training data well, as indicated by [61]. However, KNN’s performance
metrics are the lowest of all models. Across all experiments, choice of variables included
seemed to have more impact on model accuracy than the choice of algorithm. We found
that it is useful to compare a range of suitably designed models (methods and data),
because after aspect, the order of importance of variables was sensitive to model methods
(algorithm, use of ADASYN oversampling) and data.

4.3. Limitations

While this study demonstrates the growing capacity of machine learning models to
map persistent forest fire refugia, several methodological and data-related constraints
should be acknowledged to contextualise the findings and guide future exploration.

As is often the case with machine learning models, data availability and preprocessing
represented some of the most significant constraints in this study. Mixed spatial resolu-
tion was a particular challenge. To ensure model compatibility, all raster datasets were
standardised to the same resolution and extent. Lower-resolution datasets, such as solar
irradiation, were upsampled to match the higher-resolution DEM-derived datasets to avoid
losing detail from more finely resolved datasets. This approach is commonly applied in
geospatial modelling to ensure spatial consistency and preserve key terrain features [47,50].
However, it can introduce artificial precision and minor spatial inconsistencies, particu-
larly in heterogeneous landscapes. The main implication is a potential smoothing of local
variability, which may affect the delineation of smaller refugia.

Like many environmental and medical datasets, class imbalance posed a challenge,
with substantially more non-refugia than refugia pixels. Such imbalance can bias classifi-
cation performance toward the majority class. To reduce this ADASYN oversampling, a
widely used technique for addressing class imbalance was applied [54]. While ADASYN
improved model training by increasing representation of the minority class, more balanced
or stratified samples would further strengthen the robustness of future analyses. Additional
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techniques, such as ensemble balancing or cost-sensitive learning, may also help reduce
residual imbalance effects.

Some model accuracy values may reflect, at least in part, the influence of spatial
autocorrelation between training and validation samples. Although PCA preprocessing
helped reduce dimensionality and may have mitigated some spatial dependence. We used
block holdout to compensate for spatial dependency. Future work could look at minimising
spatial clustering in the training data.

5. Conclusions
We found that persistent forest fire refugia can be accurately predicted over large

areas and in topographically complex settings, such as in the Sedgefield–Knysna region of
southern Africa. Machine learning algorithms, especially ensemble models, using topo-
graphic and microclimatic variables emphasise the importance of aspect and its relations to
site-level heat and water budgets, in agreement with the findings of [3,13]. Aspect is also
related to the occurrence of fire shields from the prevailing fire weather wind direction,
as was highlighted, in agreement with [9] in Australia. The importance of surface wind
direction has been emphasised by other studies, such as the ‘topographic concavities’ of [7].
While aspect is likely to be important in many areas, the specific aspect will depend on an
individual region’s predominant fire wind direction as well as solar exposure, the latter
being determined by the hemisphere that a study area is in.

These findings support previous studies emphasising the influences of topography,
microclimate, and surface wind on forest fire refugia persistence, particularly in the
Sedgefield–Knysna region [5,19]. The machine learning approach used here to predict
fire and wind refugia may be applied to other regions where wind and topography are
determinants of fire occurrence and vegetation persistence.

In the Sedgefield–Knysna region, these results can be used to highlight the need to
protect indigenous forest patches occurring in the lee of topographic features from the
prevailing wind direction. These locations are likely to be able to sustain forest in the long
term. While climate change may see an increase in fire intensity and frequency, these are
unlikely to affect the fire-flow patterns around and across natural topographic features
of the landscape. Management of these forest areas may be prioritised, such as to protect
these from clear-felling, conversion to agriculture or life-style blocks, or replanting with
commercial plantations. These areas can furthermore be incorporated as natural fire breaks
or low-risk areas in fire management plans. On the other hand, the identification of areas
in the landscape that are not fire refugia may be equally useful to guide fire and vegetation
management practices in the landscape. In such fire-exposed areas, the conservation of fire-
prone vegetation should be prioritised. These areas should thus be included in prescribed
burning schedules, while invasion of forest species [32] and forest establishment efforts
should be discouraged here. Use of fire-exposed areas for plantations, as is currently often
carried out, is likely to lead to high economic loss.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/ijgi14120480/s1, Appendix S1. Patterns based validation, Appendix S2.
Fire model pattern based validation, Appendix S3. PCA, Appendix S4. Random forest script with grid
search and ADASYN sampling, Appendix S5. XGBoost implementation in Python, Appendix S6. The
KNN implementation was performed in Python, Appendix S7. Ensemble script soft, Appendix S8.
Ensemble hard script, Appendix S9. Experimental design showing experiment number, dataset
and oversampling, X indicate dataset was used in experiments, Appendix S10. Best parameters
per experiment.

https://www.mdpi.com/article/10.3390/ijgi14120480/s1
https://www.mdpi.com/article/10.3390/ijgi14120480/s1
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